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Abstract

This paper describes an algorithm for pose and illumi-
nation invariant face recognition from a single image under
occlusions. The method iteratively estimates the parame-
ters of a 3D morphable face model to approximate the ap-
pearance of a face in an image. Simultaneously, a visibility
map is computed which segments the image into visible and
occluded regions. The visibility map is incorporated into
a probabilistic image formation model as a set of spatially
correlated random variables. This leads to a Generalized
Expectation-Maximization algorithm in which the estima-
tion of the morphable model related parameters is inter-
leaved with visibility computations. The validity of the al-
gorithm is verified by a face recognition experiment using
images from the publicly available AR Face Database.

1. Introduction

Face recognition has been a standard problem in com-
puter vision for many years. It remains a difficult problem
because there are many interfering factors, which can make
two images of the same face appear completely different.
The most important variations are due to changes in pose,
illumination, facial expressions, and occlusions.

In order to reliably identify faces in an image, a represen-
tation needs to be extracted which remains unchanged under
the aforementioned variations, yet still captures the infor-
mation necessary to distinguish between faces of different
identities. An interesting approach to solve the illumination
problem can be found in [8], where the set of all images
of a single face under varying illumination was shown to
form a convex polyhedral cone in image space. The idea
has recently been extended to light-fields [9], which have
the added benefit of pose invariance. An early attempt to
solve the problem of face recognition across pose was ex-
plored in [1, 2], where dense correspondence maps between
images were used to separate shape and texture information.

Arguably one of the most promising developments in
face recognition is the strategy pioneered by Blanz and
Vetter [4], which uses a sophisticated statistical model of
the 3D shape and texture of human faces. By fitting this
model to a single image, a representation is reached which
explicitly distinguishes between pose, illumination, shape
and texture related parameters, thus achieving pose and il-
lumination invariance. Various authors have extended the
idea by exploring alternative fitting algorithms, particularly
when multiple views are available [6, 7, 11, 15]. It can be ar-
gued that, given additional examples of 3D faces with vary-
ing facial expressions, such a system could be extended to
reach expression invariance.

A different problem is encountered when parts of the
face are occluded. Occlusions can be seen in the literal
sense as foreign objects blocking the view, or in a more
abstract sense as regions which cannot be explained by
the model. Typical examples of the former are eyeglasses,
strands of hair and microphones. Examples of the latter are
model dependent, but may include facial hair, strong spec-
ular reflections, cast shadows and even facial expressions.
Although these regions cannot be explained by the model,
they may still have a strong impact on parameter estima-
tions and should therefore be treated as spurious data.

Systems which specifically deal with occlusions have
recently been developed by Martinez [13] and Tarrés et
al. [19]. Although the specifics of these methods vary, the
basic premise remains the same and can be summarized as
follows. The face is divided into a number of predefined
(possibly overlapping) regions, which are analyzed sepa-
rately. Outlier detection methods can be employed to detect
occluded regions, which are given lower weights in subse-
quent processing steps. These methods are limited by their
reliance on predefined regions and therefore cannot accu-
rately localize or segment the occluded areas. In the context
of Active Appearance Models, Gross et al. [10] approach
the problem by using robust error functions to reduce the
influence of outliers on the fitting procedure. Other authors
attempt to solve the problem by estimating what the image
would look like in the absence of occlusions. The resulting
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unoccluded image can then be used as input for a normal
face recognition system. However, this only works if the oc-
clusions have already been segmented [12], or if sufficient
prior knowledge is available about the type of occlusion, as
in the case of glasses removal [16, 17].

In this paper, we describe a face recognition system
which is pose and illumination invariant, and which can
deal with reasonable amounts of occlusion. We start from
ideas laid out by Blanz and Vetter [4] and fit a 3D Mor-
phable Model (3DMM) to a single facial image. Simultane-
ously, the occluded regions of the face are identified and ex-
cluded from further computations. The locations and extent
of these occlusions are modeled by means of a latent binary
random variable map, the so-called visibility map. This con-
cept was introduced in [18] to handle self-occlusions in a
wide-baseline stereo context. Whereas in [18] the elements
of the visibility map are treated as independent random vari-
ables, here the visibility map is modeled as a Markov Ran-
dom Field (MRF) to account for the spatial coherence of oc-
cluded regions. This results in a Generalized Expectation-
Maximization (GEM) algorithm, which alternates between
estimation of the visibility map and optimization of the
camera, lighting and 3DMM related parameters. The va-
lidity of the approach is verified by a face recognition ex-
periment in which we identify people from facial images
contaminated by varying degrees of occlusion.

2. Image formation model

In this section we briefly explain the image formation
model which forms the basis of our algorithm. It is simi-
lar to the system employed by Blanz and Vetter, which was
well explained in [4], therefore we will avoid going into the
implementation details. Also, it should be noted in advance
that the algorithm is general enough to be used with differ-
ent image formation models.

2.1. A morphable model of 3D faces

We have derived a morphable model of 3D faces from
107 of the laser-scans available in the USF DARPA Hu-
manID 3D Face Database [3].! The scans were brought
into correspondence using an optical flow algorithm and
unwanted illumination effects due to the scanning process
were removed from the texture. PCA analysis was per-
formed separately on the shape and texture components and
40 principal components were retained for each.

Let S and T represent the shape and texture of a face
model by concatenating the object-centered 3D coordinates

INote that the model in [3] was derived from 200 laser-scans of cau-
casian subjects, whereas our model was built from only 107 subjects with
substantial racial variation.

w—20

Figure 1. Effect of the first eigenshape and
eigentexture of the 3DMM.

and the RGB color values associated with the IV vertices of
the model into 3N dimensional vectors:

S=[X1Y1Z:...XyYNnZN]T,
T = [R,G1B; ... RvGnBn]T . ()

The PCA model can be used to generate the shape S and
texture T of faces as linear combinations of the average and
principal components:

S=§+Zaij, TZT-I—ZﬁjTj, 2)
=1 =1

where S and T are the average shape and texture vectors,
m = 40 is the number of principal components of shape
and texture, and o; and [3; constitute the shape and texture
coefficient vectors o and 3. The principal components S;
and T'; of shape and texture are also known as eigenshapes
and eigentextures. The combined PCA model of shape and
texture is called a 3D Morphable Model (3DMM) and can
be seen as a parametric 3D model of which the shape and
texture can be smoothly modified (morphed) by varying the
parameter vectors a and 3 (Fig. 1). Any particular shape
and texture combination (S, T') corresponding to a specific
instance of a and 3 will be called a face model.

Using standard computer graphics techniques, any face
model generated by the 3DMM can be rendered into an im-
age. This rendering process requires parameters for scale,
rotation, translation, projection and illumination, which will
be incorporated into the vector of rendering parameters p.
Intuitively, fitting the 3DMM to an image involves estimat-
ing o, 3 and p, such that the resulting rendered image re-
sembles the input image as closely as possible [4]. How-
ever, the problem is further complicated in the presence of
occlusions, which will be the focus of the remainder of this

paper.
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2.2. Probabilistic formulation

Suppose we are given a color image of a partially oc-
cluded human face. The goal is to fit the 3DMM to the
face in the image, with minimal interference from the oc-
clusions. In order to derive the algorithm, the fitting prob-
lem will be cast into a probabilistic framework. This will
require certain assumptions to be made about the processes
which generated the image.

The color image 7 associates 2D coordinates x with
RGB color vectors Z(x). Suppose a face model has been
positioned so that the projection of its surface approxi-
mately covers the face in the image. We will denote the
set of 2D image coordinates covered by the projection of
the face model as 2. Every pixel Z(x),x € (2, is assumed
to have been generated by one of two separate processes.
The inlier process generates the pixels corresponding to the
visible areas of the face. All other regions are thought to be
occluded and are assigned to the outlier process.

The inlier process generates pixel colors by rendering a
face model from Eqgs. (2) with randomly selected parameter
vectors a, 3 and p. The components of a, 3 and p are
assumed to be independently normally distributed. Let X},
and X}; denote the kt" vertex of the average shape and
the k" vertex of the j*" eigenshape, respectively. Then
X=X+ ; @ Xp; is the shape-transformed k" vertex
of the model. Similarly, Cj, = C + > j B3;Cj represents
the texture-transformed vertex color of the k** vertex. The
vertex Xy, corresponds to the image location x; through a
rigid body transform R, and a perspective projection P:

Xk = Po R(Xk) . (3)

The pixel location xj, is assigned a color vector cy, by illu-
minating the model with a Lambertian shader £L:

Cr = E(Ck, S) . (4)

Notice that £ is a function of the shape S because the output
of a Lambertian shader depends on the local surface nor-
mals of the model. The resulting color vectors are assumed
perturbed by iid additive noise € sampled from a multivari-
ate normal distribution with zero mean and a 3-by-3 covari-
ance matrix X, resulting in the observed pixel values

I(Xk)zck+€. (5)

The outlier process generating the occluded pixels is
generally unknown, but can be characterized by the (un-
known) outlier probability density function (PDF) g(.).
Several strategies may be explored regarding the outlier
model, depending on the prior information about the type
of occlusions. For instance, if no prior information is avail-
able, g(.) can be set to a uniform distribution over the color

O
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Figure 2. Image formation model. The face
model is rendered into the image by a combi-
nation of shape and texture transformations.
The visibility map V specifies the partition of
the projected area 2 in occluded and unoc-
cluded regions.

space. Alternatively, a normalized histogram can be em-
ployed, which may either be obtained from training exam-
ples of occlusions, or estimated from outlier pixels during
the fitting process. In the latter case, the histogram entries
can be interpreted as extra parameters, which have to be es-
timated during the fitting process.

The partition in visible and occluded regions is made ex-
plicit through the introduction of the unobservable visibility
map V. For every pixel x € , V(x) is a binary random
variable € {—1, 1}, which signals whether the pixel is visi-
ble (V(x) = 1) or occluded (V(x) = —1). In reality, occlu-
sions will usually not appear as isolated pixels. Rather, they
are expected to form spatially coherent regions in the image.
This spatial coherence can be taken into account by model-
ing the visibility map as a binary Markov Random Field
(MRF) with an associated Gibbs-prior distribution. Given
the prior probabilities of visibility and occlusion, Py (i.e.
the fraction of pixels in €2 thought to be generated by the
inlier process) and P, = 1 — P, the joint distribution of the
visibility map is written as

v(x)+1 1— v(x)

)Hf P, (6

xEQ

p(V) o exp (

where U, (V) is the coherence energy of V and T' is a ‘tem-
perature’ constant regulating the relative importance of spa-
tial coherence and prior probability. Let Y (x) denote a 4-
neighbourhood of x (i.e. the pixels to the north, south, east
and west of x), then the coherence energy is defined as

=D > VEVG) - (7)

xE€EQyeT(x)

From Eq. (7) it is easy to see that U.()) will be lower
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for spatially coherent visibility maps. By incorporating the
product from Eq. (6) into the exponential and separating the
terms which do not depend on V, the visibility distribution
can be rewritten as

W) = gy e (U)
D) =~ S VEV) — 5 3 V() log =@

where Z(T, Py) = Y., exp(—U(V)), is a normalization
constant over all possible visibility maps, the so-called par-
tition function. This result shows that the prior on ) takes
the form of an Ising model with a uniform ‘external field’
0.51log(Py/Py).

The probabilistic image formation model can be summa-
rized as follows:

x =P oR(X) (9a)

c = L(C,S) (9b)
f(Z(x);¢,X2) ifV(x)=1

p{Z(x) = { g((I(x)) ) ifV(x) =-1 ©0)

PV) = Zazpr PV )

in which f(.; p, X) is a trivariate normal distribution with
mean g and covariance matrix X, and g(.) represents the
unknown outlier PDF.

3. Solving the fitting problem

Having specified the image formation model in a proba-
bilistic framework, we are now in a position to derive an
algorithm for fitting the 3DMM to a facial image in the
presence of occlusions. The solution will turn out to be
a Generalized Expectation-Maximization (GEM) algorithm
in which an iterative parameter estimation scheme similar
to [4] is interleaved with visibility computations.

3.1. EM approach

Let 0 represent the combined parameter vector of «, 3,
p and X. The fitting problem involves estimating the most
likely values for the parameters 6, given the input image 7.
Using maximum-a-posteriori (MAP) estimation of 0, this
translates into the following optimization problem:

Ouap = argmax{log p(Z]0) + log p(6) }

(10)
= arg mgX{long:p(L V|6) +logp(0)} .

Notice that the sum in the log-likelihood ranges over all
possible visibility maps. Since the number of possible

visibility maps is astronomical even for small images,
direct optimization of Eq. (10) is not feasible. An alterna-
tive strategy is offered by the Expectation-Maximization
(EM) algorithm [5], which alternates between estimating
the hidden variables V' in the E-step and optimizing the
parameters 6 in the M-step. Let {0A(t), t=0,1,...} denote
a sequence of parameter estimates generated iteratively by
the EM algorithm. The steps are described as follows:

E-step In the (¢t + 1) iteration, the first term in
Eq. (10) is replaced by the conditional expectation of the
log-likelihood,

Q(016") = Ey7 g [logp(Z,V10)] . (11)

where the expectation is w.r.t. the posterior distribution of
the hidden variables V), given the image and the current es-
timate 8® for the parameters 6. Assuming that V is inde-
pendent from 8, the data likelihood can be written as

P(T.VI6) = p(Z[V, O)p(V)
I r@Ee) * g@e) E pv).
x€EN
(12)

If (i) the log-likelihood logp(Z,V|@) is linear in the in-
dividual hidden variables V(x) and? (ii) the posterior dis-
tribution p(V|Z, é(t)) factorizes over all pixel locations,
then the expectation in Eq. (11) can simply be com-
puted by replacing the visibilities in the log-likelihood by
their conditional expectations E[V|Z,8")]. From Egs. (8)
and (12) it can be seen that the first condition is already
satisfied. However, because of the spatial coherence of
the visibility map, we know that p(V|Z,6(") does not
factorize. We therefore employ a mean field approach,
where the posterior distribution of the hidden variables
is approximated by the nearest factorizable distribution
h(V|Z,00) = [Txeq hH(V)IZ(x), é(t)). In the approxi-
mation, h(V(x)|Z(x),8®) is defined as a Bernoulli distri-
bution over {—1,1},

Hr89) = { 0 Y Th

and the distance between the distributions is measured by

the Kullback-Leibler divergence

h(V)
(

KL(h(V),p(V)) = ; h(V)log o) (14)

2The second condition is necessary because the log-likelihood contains
product terms over neighbouring pixels in the visibility map.
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Minimization of the KL-divergence w.r.t. b(x) results in the
mean-field update equations

b(x) =0 % Z (2b(y) — 1) + log

YEY(x)

F(Z()) Py
g(Zx) Py |

15)
where o(z) = 1/(1 + exp(—z)) is the sigmoid function.
Notice that for 7" — oo, this becomes

i b — TP
T—00 f(Z(x)Pr+g(Z(x))P,

which is the probability of a pixel being visible when the
visibilities are uncorrelated. The set of non-linear equa-
tions (15) can be solved by iterative re-substitution, which
converges well. This allows to replace the visibilities in the
log-likelihood by the mean-field approximations of their ex-
pected values Eyp[V(x)] = 2b(x) — 1, which gives rise to
the approximated Q-function

Qur(06™) =" b(x) log £ (Z(x); 0)

(16)

x€eN
+ Z (1—b(x))logg(Z(x)) + K ,
xeQ
(17
where
K :% >~ (2b(x) 1) (log % + > (2(y) - 1))
xEN 9 yer(x)
—log Z(T, Py) .

(13)

M-step In the maximization step, the parameters are up-
dated as follows:

FIGRY :argmgX{QMp(mg(t))‘|‘10gp(0)} - (19

According to the image formation model in Egs. (9), the
inlier model is a normal distribution around the rendered
pixel colors. Hence the first term in Eq. (17) becomes

—% Z b(xk)<ka,2’1mk+10g((27r)3|2|)), (20)

k|xk€Q

where my, = Z(xy) — cy, is the difference between the ob-
served pixel color at the image location x;, and the rendered
color ci. Assuming a uniform prior for the noise covariance
matrix, the closed form solution for ¥ becomes

Dk b(xk)mkmf
SRR SATE

If the outlier PDF is to be learned on the fly from occluded
pixels, ¢(.) can be modeled as a normalized color histogram

21

with n bins B;,7 = 1,...,n, which form a partition of the
RGB color space, and corresponding histogram entries h;:

9(260) = Y 70 (Z0) (22
o= {1 TR o

where V; represents the volume of the i bin, and with the
additional constraint ) , h; = 1. Treating the histogram en-
tries h; as extra parameters in Eq. (19), the update equations
for the outlier model can be derived as

Ex\I(x)eBi (1-0b(x))
Z:x(1 - b(X)) 7

where x € ). This shows that g(.) is a histogram of the
pixels Z(x), x € €, in which the samples are weighted by
their estimated probability of being occluded.

Closed form solutions for the remaining parameters o
B3 and p do not exist. We therefore employ an iterative op-
timization scheme similar to [4]. It is not desirable to per-
form this optimization until convergence in each M-step,
because bad estimations of the visibility map in the initial
steps could lead the optimization astray. Moreover, such a
full optimization would be very time consuming. Instead,
we adopt a Generalized Expectation-Maximization (GEM)
approach by allowing only a fixed number of iterations per
M-step. The method used is a stochastic pseudo-Newton
optimization. In every iteration, a sparse set of model ver-
tices is randomly selected. The selection algorithm is such
that the probability of a vertex being chosen is proportional
to the projected area of the triangles to which it belongs,
given the current model parameters. Vertices which are in-
visible due to self-occlusion are not taken into account. For
this sparse set of vertices, the first and second derivatives of
the objective function F/(0) = —2(Qur(0) + log p(0)) are
computed w.r.t. the parameters 6. Assuming that the visibil-
ity and histogram value for a given vertex remain constant
over small changes in the model parameters, the objective
function becomes

h; «— (23)

= Z bkka,Eflmk — 2logp(0) , (24)
k

where the terms which are considered constant w.r.t. the
model parameters were omitted. Differentiation of the prior
term in Eq. (24) is straightforward if only uniform and nor-
mal distributions are considered. The first term is consider-
ably more complex because it includes all the transforma-
tions applied in the rendering stage. Still, a careful analy-
sis of the functional chain from the vertices on the 3DMM
to the rendered colors and image locations allows the first
and second derivatives to be computed analytically using
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the chain rule. The resulting gradient vector VF' and di-
agonal approximation H of the Hessian matrix are used to
perform the pseudo-Newton update step

0* — 60— \H 'VF (25)

where A < 1 is a scaling factor to control the step size and
6, 6~ denote the current and updated parameter vectors, re-
spectively. Only those parameters are updated for which the
corresponding diagonal elements in H are non-negative.

3.2. Overview of the algorithm

We can now fully specify the algorithm for fitting a 3D
Morphable Model to an image of a face under occlusions:

Initialization:

e Set visibilities to 1

e Set initial parameters «, 3, p, 3, h;
Iterate:

e Render the model — 2, x,c
e E-step:
— Initialize visibility according to Eq. (16)

— Compute visibility by iterating the mean
field equations (15)

e M-step:

— Update 3 and h; according to Eqgs. (21)
and (23)

— Iterate:
- Select random vertices
- Compute VF and H
- Update o, B, p according to Eq. (25)

In our implementation, the algorithm normally converges in
about 50 seconds on a 2.6 GHz Pentium 4 processor.

4. Experiments

To validate our algorithm, we performed a face recogni-
tion experiment on a subset of the AR Face Database [14],
which includes frontal images of male and female faces
with varying expressions and varying degrees of occlusion.
The pictures were taken in two sessions, separated by two
weeks. The same persons were photographed under the
same set of circumstances in both sessions. From the 26
images available per person, we use the neutral, smiling and
angry expressions from both sessions, and the images oc-
cluded by sunglasses or a scarf in the second session. We
constrain ourselves to the images taken under normal light-
ing conditions, because the alternate illuminations appear

considerably overexposed. From the 126 persons in the
database, 117 appear consistently in both sessions. From
these, 80 persons are randomly selected for recognition,
while images of the remaining 37 persons are used as train-
ing data for the algorithm. The resulting database of 936 im-
ages is split into three disjoint subsets. The gallery contains
the neutral image from the first session for every person to
be recognized. The probe consists of the remaining images
of the same 80 persons. These images are used to evaluate
the recognition performance of the algorithm. The training
set contains the images of the remaining 37 persons.

Using the algorithm described in Section 3, we fit the
3DMM to all images in the database. The pose is initialized
by aligning the average face model with the locations of six
feature points which we manually indicated in the images.
From the resulting parameter estimates, only the 3DMM pa-
rameters o and 3 are retained. The recognition algorithm
is based on a weighted Mahalanobis distance [7], defined as

(o, Br; az, B2) =Aa(0) — o) "W (o — o)+
As(B1 = B5)" W8 - By)
(26)

where the prime indicates a whitening of the model coeffi-
cients, and A, Ag are set according to the relative impor-
tance of shape and texture information. The pooled within-
person scatter matrices W, and Wy are computed from
the training set as follows:

N(e; — (i), (27a)

i
5

)(Bi; — (BT, (27b)

<l

N

v
2 _(al; -

J

v

-

where N = 37 and V' = 8 is the number of persons and
the number of images per person in the training set, respec-
tively, and (a;), (3;) represent the average shape and tex-
ture coefficient vectors for the i person in the training set.
The scatter matrices estimate the spread of the model co-
efficients over different images of the same person, so that
inconsistent directions are suppressed in the distance mea-
sure of Eq. (26). For each image in the probe, we sort the
persons in the gallery arrording to the distance between the
coefficient vectors. If the minimum distance is recorded for
the correct person in the gallery, the identification is correct.
In Table 1 we report the percentages of correct iden-
tifications for each category in the probe. Three alterna-
tive strategies regarding the outlier PDF are presented. In
the first strategy, the outlier PDF is iteratively re-estimated
as a weighted histogram of occluded pixels according to

Eq. (23), where the histogram is of size 16-by-16-by-16.
The second strategy uses a precomputed histogram trained
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Table 1. Percentage of correct identifications for each category in the probe set. Results are pre-
sented for different strategies regarding the outlier PDF. The last row shows results obtained when
every pixel is assumed visible (V = 1). The best results are shown in boldface.

| | Smilel | Angryl | Neutral2 | Smile2 | Angry2 | Sunglasses2 | Scarf2 |

Estimated 97.50 97.50 93.75 82.50 92.50 53.75 38.75
Precomputed || 95.00 98.75 95.00 85.00 88.75 62.50 35.00
Uniform 98.75 97.50 95.00 85.00 88.75 43.75 25.00
V=1 85.00 91.25 86.25 67.50 78.75 20.00 31.25

Figure 3. Fitting results for the tenth person
in the AR Face Database. Both rows, from left
to right: the original image, the output of the
proposed algorithm with histogram estima-
tion, and the result without visibility compu-
tations. Notice that the proposed algorithm
(center column) is almost unaffected by the
presence of sunglasses.

on manually segmented sunglasses regions in 14 images
from the first session. In the third strategy, the outlier PDF is
set to a uniform distribution over the color space. For com-
parison, we also provide the scores obtained by a modified
algorithm where the visibility maps are fixed at 1 (every-
thing assumed visible). Fitting results and computed visi-
bility maps are presented in Figs. 3 and 4.

From Table 1, it is immediately apparent that the algo-
rithm benefits significantly from the visibility estimations.
The difference is particularly pronounced when the sub-
jects are wearing sunglasses (‘Sunglasses2’), which is a typ-
ical scenario for occlusions. There is also a notable im-
provement for the smiling expressions in the second session

(‘Smile2’). This seems to indicate that to some degree, fa-
cial expressions can be interpreted as outliers. For example,
when the subject is smiling, it may be beneficial for the al-
gorithm to ignore certain parts of the mouth region in order
to obtain a more reliable fit. If the deformation of the mouth
area is not ignored, the algorithm will try to explain it by
modifying the shape and texture of the 3DMM. Since facial
expressions are not included into the deformation modes of
our model, this will lead to inaccurate parameter estima-
tions. There is also a performance boost of almost ten per-
cent for the neutral expressions (‘Neutral2’), which is un-
expected at first glance. However it should be noted that
people who normally wear eyeglasses were not asked to
remove their glasses during the photosessions. Therefore
many of the neutral images in the database are still partially
occluded in the eyes region. This explains why dealing with
occlusions is beneficial even for the neutral expressions in
the database.

A comparison of the results for the outlier strategies
shows no clear advantage for any specific model, except in
the sunglasses scenario, where the histogram based methods
clearly outperform the uniform PDF. The reason for this is
that pixels corresponding to the sunglasses are either very
dark or very bright due to specular reflections. Therefore a
uniform color distribution is not an adequate model for this
type of occlusion. Since the precomputed histogram was
specifically trained on sunglasses pixels, it is not surprising
that it provides the best results in this scenario. Overall,
the method involving estimation of the outlier histogram
seems the most promising, because of its ability to adapt
to different occlusion scenarios. Where prior information
is available concerning the type of occlusions, a hybrid al-
gorithm might be employed in which the histogram esti-
mation method is initialized with a precomputed histogram.
This would aid the proper segmentation of the expected oc-
clusions, while still allowing variations in the color profile,
which might occur due to varying illumination conditions.

In all tests, results for the scarf scenario were rather poor.
The scarf covers the entire lower half of the face region and
is of a dark color. Because of the large size of the occluded
area, the model is inclined to explain it, and is able to do
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Figure 4. Visibility maps for the tenth person
in the AR Face Database. Top: input images.
Bottom: visibility maps computed by the pro-
posed algorithm with histogram estimation.

so by increasing the beard density in the texture, illuminat-
ing the face from above, and estimating large values in the
noise covariance matrix. Because of this, the region is only
partially identified as an occlusion, which explains the poor
performance for this category.

5. Conclusions

In this paper, we have presented a method for dealing
with occlusions in multi-pose face recognition. The pro-
posed algorithm is capable of fitting a 3D morphable face
model to a single image, and simultaneously segments the
image into visible and occluded regions. In a face recog-
nition experiment on the AR Face Database, the visibility
computations were shown to provide a significant perfor-
mance boost. The difference is most pronounced on faces
occluded by sunglasses. Improved results were also found
when dealing with facial expressions. Although the algo-
rithm was derived for fitting a model to a single image, it
is straightforward to extend it to a multi-view setting by
using multiple visibility maps. The algorithm is also gen-
eral enough to allow modifications of the image formation
model, such as replacing the Lambertian illumination model
with a Phong shader, or including ray-traced shadows. Im-
provements to the 3DMM itself are likely to further enhance
the recognition performance. To our knowledge, multi-pose
datasets of facial images under occlusions and expressions
were not available at the time of witing this paper. In future
work, we intend to build such a database in order to enable
a more thorough validation of the algorithm.
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